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The ends of eukaryotic chromosomes are protected by telomeres, nucleoprotein structures that are
essential for chromosomal stability and integrity. Understanding how telomere length is controlled
has signiﬁcant medical implications, especially in the ﬁelds of aging and cancer. Two recent
systematic genome-wide surveys measuring the telomere length of deleted mutants in the yeast
Saccharomyces cerevisiae have identiﬁed hundreds of telomere length maintenance (TLM) genes,
which span a large array of functional categories and different localizations within the cell. This
study presents a novel general method that integrates large-scale screening mutant data with
protein–protein interaction information to rigorously chart the cellular subnetwork underlying the
function investigated. Applying this method to the yeast telomere length control data, we identify
pathways that connect the TLM proteins to the telomere-processing machinery, and predict new
TLM genes and their effect on telomere length. We experimentally validate some of these
predictions, demonstrating that our method is remarkably accurate. Our results both uncover the
complex cellular network underlying TLM and validate a new method for inferring such networks.
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Introduction
Telomeres are specialized DNA–protein structures at the ends
of eukaryotic chromosomes, whose overall length is highly
regulated (Blackburn, 2000; Blackburn et al, 2000). Telomeres
are essential for chromosomal stability and integrity, as they
prevent chromosome ends from being recognized as broken
molecules. Telomere stability is conferred by a protein–DNA
structural cap that protects the chromosomal ends and is
conserved from yeast to human cells (reviewed in de Lange,
2005). Telomeric DNA is synthesized by the enzyme telomer-
ase, which is expressed at the early stages of development, but
not in most somatic cells. Telomeres shorten with replicative
age, leading eventually to cellular senescence. Replenishing
telomeresbyanactivatedtelomeraseisoneofthefewessential
steps that a normal human ﬁbroblast cell must take on
its route to become malignant. Thus, understanding how
telomere length is monitored has signiﬁcant medical
implications, especially in the ﬁelds of aging and
cancer. Telomere size is maintained through a complex and
delicate balance between activities that negatively and
positively affect the activity of telomerase, of certain
nucleases and of still to be uncovered additional mechanisms
of telomere length maintenance (TLM) (Verdun and Karlseder,
2007).
Recently, two systematic genome-wide surveys measuring
the telomere length of deleted mutants in the yeast
Saccharomyces cerevisiae were conducted (Askree et al,
2004;Gatbontonetal,2006).Thetwoscreensjointlyidentiﬁed
272 non-essential genes whose deletion mutants show
alterations in telomere length, hence termed TLM genes
(Supplementary Table I). The deletion of some of these TLM
genes results in telomeric DNA sequence that is longer than
the wild type (113 genes), whereas mutations in other genes
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TLM genes span over 5% of the B4800 deletion mutants
tested in the two screens. The real number of non-essential
genesinvolved inTLMmayeven behigher,giventhe degreeof
overlap between the results obtained by the two screens
(Materials and methods). Taking into account the potentially
large number of essential genes that could also affect telomere
length, the overall number of telomere-related genes is likely
to be fairly large, spanning a large variety of processes and
localizations. Yet, telomere length is tightly and precisely
regulated. How do so many genes interact and accurately
regulate telomere homeostasis?
Previous studies aiming at addressing such questions and
inferring cellular networks based on large-scale phenotypic
data have mostly been targeted toward the identiﬁcation of
gene regulation networks from large-scale perturbation data
measuring gene expression proﬁles (reviewed in Tegner and
Bjorkegren, 2007). Other studies have identiﬁed protein–
protein interaction (PPI) subnetworks where the phenotypically
identiﬁed proteins were statistically over-represented (Begley
et al, 2002; Calvano et al, 2005), had a speciﬁc cellular
localization (Begley et al, 2004) or had a characteristic
topological property (Said et al, 2004). Recently, Yeang et al
(2004), Yeang and Vingron (2006) and Ourfali et al (2007)
devised probabilistic models for inferring physical pathways
that explain gene expression changes in response to knockout
data. In contrast to these previous investigations, the novel
method presented here has been developed to address the
challenge of identifying a task-speciﬁc PPI subnetwork from
pertaining phenotypic gene knockout data. Its end result is the
ﬁrst chart of the cellular subnetwork controlling telomere
length.
Results
Characterizing topological and functional
properties of TLM genes
We compiled a comprehensive list of 250 TLM genes (Askree
et al, 2004; Gatbonton et al, 2006) for which we had PPI
information (leaving out 22 genes with no such information,
Supplementary Table II). We deﬁned a small group of
telomere-binding proteins, including telomerase subunits
and telomerase-interacting proteins as the ‘telomerase ma-
chinery’ (Supplementary Table IV), serving as the end point of
the various TLM-related PPI signaling pathways, which we
aim to identify. We applied a series of quantitative measuresto
characterize various topological and functional properties of
the corresponding TLM protein set, and compared them with
those of random sets of the same size containing proteins
encoded by either essential or non-essential genes (Materials
and methods, Table I and Supplementary Table III). Like
Krylov et al (2003), we ﬁnd that the topological and functional
properties of essential proteins are signiﬁcantly different from
those of non-essential proteins. Interestingly, the properties of
the TLM proteins are distinct from those of other non-essential
genes, and lie in the mid-range between those of non-essential
and essential proteins (analogous to the results reported by
Said et al, 2004). In addition, we ﬁnd that proteins within
known complexes tend to uniformly affect the telomere length
(Po0.001; see Materials and methods). This result reﬂects
the intuitive notion that complexes tend to function
in a coherent manner and accordingly, that the knockout of
their components would tend to lead to similar functional
effects.
Constructing the telomere length-regulating
network
We developed a framework for elucidating TLM pathways
connectingTLM genesto telomere-binding proteins (Materials
and methods). We applied our algorithm to the 250 TLM genes
of the combined data set of Askree et al (2004) and Gatbonton
et al (2006), supplemented by 23 TLM-related genes reported
in the literature, which were not identiﬁed by either screen
(Supplementary Table I). The algorithm reconstructed path-
ways for 180 TLM proteins inducing a telomere length-
regulating subnetwork (TRS) with 327 proteins (Supplemen-
tary Figure I and Supplementary Table V). On the TRS
network, 54 of the 180 TLM proteins lie in between other
TLM proteins and the telomere-binding proteins; the other 139
non-TLM proteins were required for connecting the TLM
proteins to the telomere-binding proteins. In total, 71 of the
non-TLM proteins were non-essential and 68 were essential.
We validated the reconstructed pathways by computing their
functional coherency according to the gene ontology (GO)
biological process annotation. The pathways were found
to be signiﬁcantly coherent (Po4.5e 3; see Materials
and methods).
Functional characterization of TRS proteins
Mutations in TLM genes may have various effects on
telomere length. They can lead to slight, moderate or large
alterations (short or long) (Askree et al, 2004; Gatbonton et al,
2006). We used these ﬁne phenotypic descriptions to test the
extent to which TLM proteins that occupy internal nodes
on the TRS affect telomere length. We observed that
these proteins have greater effect on telomere length
than TLM proteins occupying end nodes (hypergeometric
Po3.5e 4; Supplementary Table VI). One explanation for the
observed relation between a protein’s location on the TRS
and its functional TLM effect may be due to its distance in
the PPI network from telomere-binding proteins. To test
this hypothesis, we computed a partial correlation index
that factors out the distance (Materials and methods).
Remarkably, the results showthat internal TLM proteins affect
telomere length more than other TLM proteins independently
of their distance from the telomere-binding proteins
(Po1e 4).
WhathencefurtherdeterminesthefunctionaleffectsofTLM
proteins on telomere length? Interestingly, we ﬁnd that the
likelihood scores of the pathways connecting a TLM protein to
the TLM end targets (Materials and methods) correlate with
the magnitude with which the knockout of TLM proteins
affects telomere length (Spearman correlation of 0.16,
Po0.04). These results suggest that TLM proteins that have
larger effect on telomere length do play a more central role in
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machinery set by pathways with higher likelihood scores.
Experimental testing of predicted TLM proteins
The TRS includes, in addition to TLM proteins, non-essential
proteins that are not known to be in the TLM set (NTLM
proteins) as well as essential proteins. While the genome-wide
screens were comprehensive, it is possible that NTLM proteins
do affect TLM, but were not included among the TLMs either
because they were absent from the deletion collection, gave
inconclusive results or affected telomere length in a subtle way
thatwasdifﬁculttoobserve.Wehencere-evaluatedthetelomere
length screens of Askree et al (2004) for 20 strains deleted for
NTLM genes (see Materials and methods). In total, 14 out of 20
mutants deleted for NTLM genes exhibited defects in telomere
length (9 were short and 5 exhibited elongated telomeres). On
thebasisoftheTRS,for11ofthesemutantswecouldpredictthe
expected phenotype (Materials and methods). In 8 out of the 11
cases, the observed telomere length matched the prediction. In
two additional cases, no telomere length defect was observed
(sml1D and tor1D), and in one case (vrp1D), long telomeres
were seen instead of the predicted short phenotype (Table II).
A similar analysis was carried out for 12 temperature-
sensitive mutants of essential genes within the TRS, which
were not included in the original screens (see Materials and
methods). All mutants were grown at 301C, a semi-permissive
temperature, and telomere length was measured (Table II and
Figure 1). In total, 8 out of the 12 strains analyzed exhibited
telomere length defects. In six out of seven cases in which a
prediction could be made regarding telomere length, the
expected phenotype was observed. The only exception was
mak21-1, which exhibited very short telomeres instead of the
expected long telomere phenotype (Figure 1).
Table I Topological and functional characteristics of the TLM proteins
Features Mean value (s.d.)
a
Essential proteins Non-essential proteins TLM proteins
Global network characteristic
b
Degree 35 (27) 11.8 (29.3) 18.6 (23.7)
Expected degree 18.5 (29) 7 (27) 11.2 (16.2)
Compactness 301 (5.4) 359 (7.7) 322
Network-based characteristics relating proteins to the telomerase machinery set
c
Path length 2.25 (0.6) 2.57 (0.6) 2.4 (0.6)
Path probability 0.87 (0.25) 0.65 (0.35) 0.77 (0.3)
Betweenness centrality 36.5 (4.9) 9.9 (3) 30
Functional characteristics
d
Complex-based monochromaticity 81%
e
Propensity for gene loss (PGL) 0.08 (0.1) 0.15 (0.12) 0.12 (0.11)
aBoldfaced values indicate that the reported value is signiﬁcantly different compared to the respective value for the TLM protein set. For the complete table, including
P-values see Supplementary Table III.
bDegree and expected degree measure protein node degrees, either unweighted or weighted by the reliabilities of the incident edges. Compactness measures the size of
the minimal connected component, which includes a given protein set (Materials and methods).
cPath length and path probability are the minimal edge distance and the probability of the most reliable path between a source protein and the target telomere-binding
proteins,respectively.Givenasourceproteinsetand atargetproteinset,the betweennesscentralitymeasurestherelativenumberofpathwaysfromthesourceproteins
to the target proteins that pass through a given node (Materials and methods).
dMonochromaticity measures the coherency in which protein complex members affect telomere length (Materials and methods). PGL (Krylov et al, 2003) measures the
propensity for gene loss of a given protein (evolutionary conservation of a protein).
eThe mean monochromaticity rate for randomized coloring permutations was 0.29 (s.d.=0.1), Po0.001.
Table II Experimental testing of predicted TLM proteins
Mutant allele Observed telomere
phenotype
Predicted telomere
phenotype
a
Non-essential genes
vps41D Short Short
pcl6D Short Short
vps53D Short Short
sif2D Short Short
vps20D Short Short
vps27D Short Short
vps21D Short Short
fzo1D Long Long
pub1D Long NA
mrpl3D Short NA
pir1D Long NA
tfp1D Short NA
tif2D Long NA
vrp1D Long Short
msh2D Wild type NA
hpr5/srs2D Wild type NA
sgs1D Wild type NA
sml1D Wild type Short
slt2D Wild type NA
tor1D Wild type Short
Essential genes
rfa1-t11 Short Short
cdc45-27 and
cdc45-1
Short Short
pol30-59 Long NA
mak21-1 Short Long
cdc33-1 Wild type NA
smc3-1 Wild type NA
rad3-2 Wild type NA
cdc48-1 Wild type NA
pre7-1 Short Short
kae1-1 Short Short
kre33-1 Short Short
rpc10-1 Short Short
aNA, not applicable.
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Our approach to reconstruction of the TRS was based on the
assumption that if a protein affects telomere length then it
must be connected by some pathway to the telomerase
machinery. The pathways uncovered are signaling-regulatory
pathways that may contain protein complexes. Expectedly,
the TRS network shows branches that are enriched
both for speciﬁc biological processes and for speciﬁc
complexes. Deletion of genes in these branches results
in uniform telomere length effects. For example, mutations
in any of the genes composing the vacuolar transport and in
the degradation of membrane proteins (ESCRT complexes)
result in short telomeres (Rog et al, 2005). The yeast vacuole is
the functional analog of the mammalian lysosome, the major
site of degradation of both exogenous and endogenous
macromolecules. This branch co-locates with two other
branches, one containing the COMPASS (Set1C) complex,
which methylates histone H3 on lysine 4 and is required for
transcriptional silencing near telomeres (Krogan et al, 2002)
and another one composed of the Bre1 and Rad6 proteins,
which ubiquitinate histones H2B (Wood et al, 2003). Interest-
ingly, the activity by Rad6/Bre1 on histone H2B depends on
the prior activity of COMPASS on histone H3 (Dover et al,
2002) (Figure 2A). The convergence of these three pathways
by their interaction with histones, and the uniformity of
the phenotype, suggests that the vacuolar pathway
affects telomere length through histone modiﬁcation. It is
possible that the activity of one or more histone-modifying
enzymes is regulated by degradation or modiﬁcation in the
vacuole.
However, not all branches affect telomere length uniformly.
For example, components of three related RNA polymerase
regulators, the mediator, the Paf1 complex and the Tho
complex, cluster in the TRS; however, they affect telomere
length in different ways: whereas mutations in components of
the Paf1 complex lead to short telomeres, mutations in some
components of the RNA polymerase holoenzyme or mediator
produce mostly elongated telomeres (with the exception of
srb5 mutations that lead to short telomeres). Similarly, most
proteins in the THO complex shorten telomeres, but hpr1
mutants show longer than normal telomeres (Figure 2B).
Theseresultssuggestthattheselargecomplexesdonotactasa
single monolithic unit, and that deletion of different regions
may change regulation in subtle, and still unclear, ways.
TheTRSmodelmayalsopredicttheinteractionofseemingly
unrelated proteins. During the course of this work, it was
found that the Bud32, Cgi121, Gon7 and Kae1 form a complex,
which acts on transcription and affects telomere length
homeostasis (Downey et al, 2006; Kisseleva-Romanova et al,
2006). The genes encoding three of the four proteins in this
complex were identiﬁed as TLM proteins (Figure 2C); the
fourth (Kae1) is encoded by an essential gene. We have
validated that mutations in this gene also cause telomere
shortening (Figure 1 and Table II). The KEOPS complex in the
TRS is linked to Est1, a protein known to bind the RNA moiety
of telomerase, and may help activate it via Kre33, a protein of
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Figure 1 Telomere Southern blot of mutants in NTLM and essential proteins in the TRS. Green circles: mutants with elongated telomeres; blue circles: mutants with
shorttelomeres;graycircles:NTLMmutants;redcircles:mutantsofessentialgenes.DNAwasdigestedwithXhoIandprobedwithtelomericsequencesandwithunique
genomic sequences used as markers (Askree et al, 2004). A red line marks the telomere size of the wild-type strain. Mutants exhibiting expected phenotypes are
marked with a red square, those that do not show telomere phenotype are marked with a gray square.
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role in mediating the access of KEOPS to the telomere
machinery (Figure 2C).
This study presents a reconstruction of the TRS network
from the combined data sets of two knockout genome-wide
assaysof TLM in theyeast, utilizing the pertaining PPI data. To
this end, we have developed a new probabilistic approach to
identify cellular signaling pathways based on large-scale
phenotypic data. Connecting TLM proteins with the telomer-
ase machinery proteins has required the inclusion of inter-
mediate proteins with no experimentally observed telomere
length phenotypes in the TRS. The pathways identiﬁed were
then further investigated and validated in both a large-scale
computational manner and in a smaller scale experimental
manner. The pathways identiﬁed were shown to be function-
ally coherent. Remarkably, we found that the likelihood of a
pathwaycorrelateswiththemagnitudeofitseffectontelomere
length. Moreover, TLM proteins that have a larger effect on
telomere length play a more central role in connecting TLM
proteins to the target telomere-binding proteins. Finally, the
method for phenotypic data analysis and network identiﬁca-
tion presented here is general and is likely to have many
applications in the identiﬁcation of protein networks under-
lying numerous cellular functions, and in more complex
organisms.
Materials and methods
Data acquisition
We collected and integrated PPI data from DIP (Salwinski et al, 2004;
April 2005 download) and from two recent assays (Gavin et al, 2006;
Krogan et al, 2006). The combined data set comprises over 39936
interactions involving 5414 proteins. To assign conﬁdence scores to
these interactions, we used the logistic-regression-based scheme
employed in Sharan et al (2005b). Brieﬂy, true-positive and true-
negative interactions were used to train a logistic regression model,
which assigns each interaction a reliability score based on the
experimental evidence for this interaction, including the type of
experimentsinwhichtheinteractionwasobserved,and the numberof
observations in each experimental type.
TheTLMgenesetwascreatedbymergingtwogenome-widescreens
measuring the effect of deletion mutants on telomere length (Askree
et al, 2004; Gatbonton et al, 2006). The uniﬁed set contained 272 non-
essential telomere length-affecting genes. For the purpose of pathway
identiﬁcation, we complemented the combined data set with 23 genes
from the literature reaching a total of 295 genes. In total, 6 of the
additional 23 genes were essential genes. Of the 295 genes in the
merged data set, 273 encode proteins from the PPI network.
Estimating the total number of TLM genes
Assumingthatthetwoscreensare independent andthatfalse-negative
results occur at random, the expected number of TLM proteins was
estimated as follows: denote by nA and nB the number of genes that
were identiﬁed by screens A and B, respectively, and by nAB the
numberofgenesidentiﬁedbybothA andB.Let n denotethe unknown
number of TLM proteins. Then n can be derived from the equation
nAB/n¼nA/n nB/n. In our case, 171 genes were identiﬁed by Askree
etal(2004),152byGatbontonetal(2006)and51geneswereidentiﬁed
in both screens. These numbersyield an estimatednumberof 510 TLM
genes,implyingthatindeed,manyTLMgenesareyettobediscovered.
Network measures
Computation of shortest paths was conducted using the breadth ﬁrst
search algorithm. Most probable paths were computed using the
classical Dijkstra algorithm, where interaction probabilities were
transformed to their absolute log value.
The betweenness centrality index quantiﬁes the importance of a
vertex in a graph to the connectivity of other vertices (Freeman, 1977;
Brandes, 2001). Denote by s(u) the number of shortest paths
connecting TLM protein u and the telomere-binding proteins. Denote
by s(u,n) the number of shortest paths passing through n and
connecting TLM protein u with the telomere-binding proteins. The
relative betweenness of protein n with respect to the set T of TLM
proteins is
CrðnÞ¼
X
u2T
sðu;nÞ
sðuÞ
The betweeness centrality of the entire TLM set was computed as the
number of TLM proteins with non-zero betweeness centrality score.
We deﬁned the compactness of a protein set as the minimal number
of additional protein nodes that are required to make it connected (i.e.
admit a path between every two proteins in the set). The compactness
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Figure 2 Pathways predicted by the TRS model. Green circles denote mutants
with elongated telomeres; blue circles denote mutants with short telomeres and
red circles denote mutants of essential genes. (A) Proteins belonging to the
vacuolar transport pathway (brown letters), the COMPASS complex (turquoise
letters) and the Rad6/Bre1 complex (blue letters) converge at the histone H2A
node. Mutations in any of the genes encoding these proteins lead to short
telomeres. (B) Proteins belonging to the Pol II holoenzyme and the mediator
complex (brown letters), to the Paf1 complex (turquoise letters) and to the THO
complex (blue letters) interact but mutations in these units lead to different
phenotypes. (C) The KEOPS complex (turquoise letters) is connected to the
telomere machinery via Kre33.
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can be efﬁciently approximated (Klein and Ravi, 1995).
Statistical signiﬁcance testing
P-values were computed empirically based on 10000 randomized
protein sets containing equal number of proteins as the TLM protein
set. The randomized sets were uniformly selected from the set of
proteins in the PPI network.
Monochromaticity testing
We ‘colored’ proteins according to the effects that their respective
mutants exhibit on telomere length (short or long). We deﬁned the
monochromaticity rate of a collection of known protein complexes
from the MIPS database (Mewes et al, 2006) as the fraction of
complexes with at least two TLM proteins that are colored uniformly.
Statistical signiﬁcance was computed by comparing the observed rate
to the rate obtained in 10000 randomized colorings of the complex
members, preserving the number of ‘long’ and ‘short’ proteins.
Pathway identiﬁcation
We ﬁltered the original PPI network to remove low conﬁdence
interactions (with probability o0.5) and nonspeciﬁc protein
interactors (with more than 100 interactions), yielding a network with
5324 vertices and 12521 edges.
Our algorithm enumerates all paths in the PPI network that
are at most ﬁve edges long, originating at telomere-binding proteins
and ending at the identiﬁed TLM proteins. Each discovered path is
assigned a score. Finally, the algorithm returns for each TLM protein
the highest scoring path; these are then were combined to form a
network.
To simplify pathways visualization and analysis, we reduced
the resulting network to a tree rooted at the telomere-binding
proteins. This was carried out by computing the most probable
paths in the reduced network from telomere-binding proteins to
each TLM protein using the Dijkstra algorithm, and merging the
obtained paths.
A probabilistic model for TLM pathways
Following the approach developed by Sharan et al (2005a), we
computed the likelihood of a path to connect a TLM protein and a
telomere-binding protein. The likelihood score of a path, L(p), has two
components: an edge-based score and a vertex-based score, which we
describebelow.Tonormalizeforthelengthofapath,wemultipliedthe
scorebyapenaltyfactor,favoringshortpathsoverlongones. Theﬁnal
score of a path of length l was: W(p)¼L(p) e
 cl, where c is a free
parameter.
The edge-based score of a path measures the ﬁt of a path to a path
model versus the likelihood that it arises at random. The path model
assumesthateachpairofconsecutiveproteinsalongthepathinteracts.
The null model assumes that the PPI network was randomly chosen
from the collection of all networks with the same degree sequence.
This induces a probability that a pair of vertices interacts, which
depends on their degrees. The likelihood ratio is computed as in
Sharan et al 2005a), taking into account the reliability of each
interaction.
The vertex-based score is again a likelihood ratio score. The path
model,Mp,assumesthateachvertexonthepathcorrespondstoaTLM
protein. The null model, Mn, assumes that each protein on the path,
exceptthetwoends,isarandomselectionfromthenetwork’svertices.
Denote by Tv the event that protein v is a TLM protein and by Fv that it
is not. Denote by Ov the experimental evidence on the telomeric
phenotype of protein v. For a path p¼(p1,y,pk), using the law of
complete probability we get
PðOp1;:::;OpkjMpÞ¼
Y
pi2p
PðOpijMpÞ¼
Y
pi2p
PðOpijTpiÞ
Similarly, we derive the probability of observing p according to the
null model
PðOp1;:::;OpkjMnÞ¼
Y
pi2p
PðOpijMnÞ¼
Y
pi2p
PðOpiÞ
The vertex-based score of p is thus
LVðpÞ¼
X
pi2p
log
PðOpijTpiÞ
PðOpiÞ
¼
X
pi2p
log
PðTpijOpiÞ
PðTpiÞ
where the last equality follows from Bayes theorem.
It remains to estimate the probabilities P(Tv) and P(Tv7Ov). Using
the available biological experimental observations, we estimated the
probabilitythatprotein vis a TLM:1 if itwasidentiﬁedina small-scale
study. On the basis of estimation of the false detection rate (Askree
et al, 2004), this probability was set to 0.9 for proteins that were
detected in a single screen. Following the assumption that the two
genome-wide screens are independent, this probability was set to 0.99
for proteins that were identiﬁed in both genome-wide screens. Given
the overlap between the two screens, we estimated the probability
that an NTLM protein was falsely classiﬁed by the two screens as
0.05. Using this last result and given the frequency of essential
proteins identiﬁed in the pertaining small-scale studies, we estimated
the probability that an essential protein is a TLM as 0.13. Finally,
based on these probability estimations we could estimate the prior
probability P(Tv).
Setting the length penalty parameter
To select a value for the length penalty parameter c, we performed a
search over a range of non-negative real numbers. For each value of c,
weexecutedthepathwayreconstructionalgorithmtwice:onceapplied
tothe TLMproteins identiﬁedbyAskree et al (2004) anda secondtime
appliedto the TLM proteins identiﬁed byGatbontonet al (2006). Next,
we computed the hypergeometric enrichment of the TLM proteins
from one data set within the set of vertices on pathways inferred from
the other data set. We chose the value c that minimized the product of
the two enrichment P-values.
GO enrichment analysis
Functional coherency values of pathways were computed as in Shlomi
et al (2006) based on GO process annotations for their proteins. These
values were compared to those attained by random pathways of the
same length. Random paths were generated such that their one end
was a randomly selected telomere-binding protein and they had an
equalpathlengthdistributionastheidentiﬁedpathways.Todetermine
if the annotation enrichment distributions of two path sets were
signiﬁcantly different, we used the non-parametric Wilcoxon test.
Spearman partial rank correlation coefﬁcient
The Spearman partial rank correlation coefﬁcient between two
random variables A and X, given the fact that both A and X are
correlated to random variable Y, denotes the correlation between
A and X, when Y is kept constant. It is calculated as follows
rAX;Y ¼
rAX   rXYrAY ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð1   r2
XYÞð1   r2
AY
p
Þ
Here, rAX, rXYand rAY represent the Spearman correlation coefﬁcients
between A and X, X and Y, and A and Y, respectively. The signiﬁcance
level is given by
DAX;Y ¼
1
2
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ﬃ
N   4
p
ln
1 þ rAX;Y
1   rAX;Y
  
DAX,Y has a normal distribution with zero mean and variance one.
N represents the size of the data set.
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Telomeric Southern blots were used to measure telomere length as
described in Askree et al (2004). PCR fragments containing telomeric
sequences and a genomic region that hybridizes to two bands
(2044 and 779bp) were used as probes.
Telomere length effect prediction and validation
Thetelomerelengtheffectofaproteinwaspredictedtobeshortorlong
ifthe telomere lengthphenotypeof theproteins immediately upstream
to it was the same as for those downstream to it, in the pertaining TRS
branch on which the protein lies. Otherwise, a prediction based on the
monochromatic assumption could not have been made and it was
classiﬁed as not applicable.
The list of NTLM and essential genes validated was chosen in a
two-step process: ﬁrst, we exhaustively identiﬁed all non-essential,
non-TLM genes and all essential genes in the TRS. In the second step,
we narrowed down this list to include (a) all the non-essentials for
which we had already carried out a screening test previously and for
which DNA was available, 20 such cases overall and (b) the essential
genes for which we had temperature-sensitive strains in our lab
collection and could be further tested (12 overall).
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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